Immune responses to current rubella vaccines demonstrate significant inter-individual variability. We performed mRNA-Seq profiling on PBMCs from high and low antibody responders to rubella vaccination to delineate transcriptional differences upon viral stimulation. Generalized linear models were used to assess the per gene fold change (FC) for stimulated versus unstimulated samples or the interaction between outcome and stimulation. Model results were evaluated by both FC and p-value. Pathway analysis and self-contained gene set tests were performed for assessment of gene group effects. Of 17,566 detected genes, we identified 1,080 highly significant differentially expressed genes upon viral stimulation (p,1.00E
Introduction
We and others have demonstrated the potential of nextgeneration sequencing (NGS) technology to provide a more detailed multidimensional view of host-pathogen interactions and immune response, and for adding new insights into infection pathogenesis, immunity and vaccine development [1, 2] .
The influence of host genetic determinants on susceptibility to infections and inter-individual variability in vaccine-induced immune responses has been previously recognized [3] [4] [5] . Given the finding of high heritability (45.7%) of immune responses to rubella vaccine [6] , we demonstrated that HLA polymorphisms (including haplotypes and supertypes), cytokine and cytokine receptor, Toll-like receptor, vitamin A and D receptors, antiviral effector, and other innate immunity gene polymorphisms significantly influence immune responses following live rubella viral immunization, but do not fully account for all the observed immune response variability [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] . Thus, our findings and the literature support the importance of applying a more comprehensive approach to carefully and thoroughly delineate which genes and pathways have the largest impact on variations in immunity to the current live rubella vaccine [19, 20] . The present work applies cutting-edge technology (mRNA-Seq) and sophisticated bioinformatics/statistical analyses to define transcriptional changes that characterize immune phenotypes following rubella vaccination.
Materials and Methods

Subjects
The methods described herein are similar or identical to those previously published by us [14] [15] [16] 18] . The recruitment of a large, population-based, age-stratified random sample of 738 healthy children and young adults, immunized with two doses of measlesmumps-rubella/MMR-II vaccine, (containing the Wistar RA 27/ 3-strain of rubella virus) was previously reported [14] [15] [16] 18] . Twenty-five study subjects representing the extremes of the humoral immune responses to rubella vaccine in this cohort (12 high antibody responders with a median titer of 138 IU/mL and 13 low responders with a median titer of 10 IU/mL) were selected for whole transcriptome mRNA-Seq profiling [21] . The subjects' peripheral blood mononuclear cells/PBMC samples (50 samples, 25 rubella virus-stimulated and 25 unstimulated samples) were randomized to balance immune response and stimulation status for cell culture setup, library preparation, and flow cell/lane run on the Illumina Genome Analyzer GAIIx instrument.
Ethics statement
The Mayo Clinic Institutional Review Board granted approval for the study. Written, informed consent and assent (from minors) from subjects and/or parents/guardians was obtained at the time of enrollment [14] [15] [16] 18] .
Immune measures
Rubella-specific IgG antibody levels, rubella-specific IFNc and IL10 Elispot measures, and secreted cytokines from stimulated PBMC cultures, were quantified as previously reported [16] .
PBMC culture, stimulation and total RNA extraction (isolation) PBMC culture, stimulation and total RNA extraction were performed as described previously [21] . Subjects' PBMC were thawed and stimulated (or left unstimulated) with live rubella virus (W-Therien strain, a kind gift from Dr. Teryl Frey) at a multiplicity of infection/MOI = 5 for 48 hours. Total RNA was extracted from stabilized cells (RNAprotect cell reagent, Qiagen, Valencia, CA) using RNeasy Plus mini kit (Qiagen, Valencia, CA), as described previously [22, 23] . RNA concentration and quality were assessed by Nanodrop spectrophotometry (Thermo Fisher Scientific, Wilmington, DE) and Nano Chip kit analysis on an Agilent 2100 Bioanalyzer (Agilent, Palo Alto, CA), respectively. Fifty samples from 25 subjects were completed for culture, RNA extraction and RNA quality control. All samples successfully passed the RNA QA/QC with adequate concentration and purity (lack of DNA contamination), as well as good RNA integrity and lack of RNA degradation (RNA Integrity Number, RIN between 9 and 10).
Library preparation and sequencing
Library preparation and sequencing were performed as described previously [21] . Briefly, libraries were prepared using the mRNA-Seq 8 Sample Prep Kit (Illimina, San Diego, CA) following the manufacturer's instructions and standard molecular biology techniques. Sample libraries were prepared in seven PCR batches. Polyadenylated RNA was isolated from 1 mg of total RNA using hybridization to oligo-dT magnetic beads for two rounds.
The mRNA samples were chemically fragmented, reverse transcribed and converted into double-stranded cDNA. Unique Illumina adaptors (Illimina, San Diego, CA) were ligated to the DNA fragments after end repair (to produce blunt ends) and Abase tailing. Fragments of approximately 200 bp were gel purified and PCR enriched. The libraries were validated and quantified on an Agilent 2100 Bioanalyzer (Agilent, Palo Alto, CA) using the DNA 1000 Nano Chip kits.
Sequencing was carried out on a Genome Analyzer GAIIx (Illimina, San Diego, CA) using Illumina's proven sequencing by synthesis (SBS) technology. Libraries were loaded on the channels of the flow cell at 5-7 pM concentration. Samples were sequenced as single end reads using Illumina's Single Read Cluster Generation kit (v2) and 50 Cycle Illumina Sequencing Kit (v3) following the manufacturer's instructions. Flow cells were analyzed using Sequencing Control Studio (SCS) v 2.01 and SCS v 2.4. Each sample was sequenced in duplicate on two separate lanes within a single flow cell, which produced technical replicates for each sample; a total of 13 flow cells were used for sequencing. The images from the sequencing cycles were processed using the Illumina Pipeline Software v1.5 using FireCrest, Bustard, ELAND (using genome build 36 and exon junction databases) and CASAVA. Full details on this methodology are provided elsewhere [21] . Viral replication was assessed using the Bowtie alignment tool to map mRNA-Seq reads to the rubella virus genome.
Statistical methods
The statistical methods described below are similar or identical to those published in our mRNA-Seq methodology paper [21] . Specimens were randomly allocated to assay processing such that response and stimulation status were balanced over library preparation batch, flow cells and lanes. The primary endpoint used for differential expression was the number of reads (i.e., counts) per gene. Reads are defined as short fragments of cDNA representing the sample. Reads are sequenced and aligned back to the reference genome, and their number (aligned to a region) is an indication of the expression level. Minus versus average (MVA) and scatter plots were used to assess presence and functional form of global bias. Quantile-quantile (QQ) plots of Pearson goodnessof-fit statistics (assuming technical gene count variation follows a Poisson distribution) were created for each pair of technical replicates; the appropriate chi-square distribution was used for the expected quantiles.
Technical variation was found to be generally Poisson [21] , thus, technical replicate gene counts were summed for analysis as has been done previously [24] . Generalized linear models (GLMs) [25] assuming the Negative Binomial distribution were utilized to assess statistical significance on a per-gene basis [21] . Empirical Bayes-like moderated estimates of the over-dispersion parameter were obtained using edgeR with n.prior = 3 [26] in R [27] . The 75% gene count per specimen was used as an offset in the generalized linear model in order to normalize and/or account for varying distributions of counts between specimens [28] . This results in the gene counts being interpreted as a rate with respect to the sequencing depth within that lane [29] . The full rationale supporting our modeling assumptions is described elsewhere [21] . The model contained indicator variables for high/low response status, unstimulated/stimulated status and the two-way interaction. Generalized estimating equations in SASH (http://www.sas. com/) were used to test hypotheses to account for the correlation between paired specimens. We subset our gene expression analyses to genes having an average of at least five counts per sample due to model instability with fewer counts; genes with fewer counts were filtered out after computing the normalization factor. Since the objective of our study was to perform differential gene expression analyses between the groups of interest and in these analyses any per-gene corrections such as gene length cancel out in the test statistic, no per-gene adjustments were made. Gene expression was evaluated based on p-values and false discovery rate (FDR, to account for multiple comparisons) [30, 31] , which were used to rank genes in order of significance. Self-contained gene set testing was performed using gene set definitions (G2 or second generation modules) based on other immune diseases [32, 33] and Fisher's method for combining p-values [34] together with restandardization [35] . Additional information on used gene sets (G2 modules), such as gene module content, annotation and functional interpretation is available at http://www.biir.net/public_wikis/ module_annotation/V2_Trial_8_Modules [32, 33] . Pathway analysis was performed using both IngenuityH Systems IPA software (Ingenuity Systems, Inc., Redwood City, CA), and the MetaCore TM software from GeneGo, Inc. (St. Joseph, MI).
Results
Immune characteristics of the study subjects
To minimize potential confounding effects and variability, all selected study subjects were female non-Hispanic Caucasians with a median age at enrollment of 14 years (inter-quartile range/IQR 13, 16) and a median time since last rubella vaccination (blood draw) of 5.7 years (IQR 2.8, 7.1). The immune characteristics of the study subjects (representing the extremes of the humoral immune response to rubella vaccine out of 738 subjects) are summarized in Table 1 . We observed a robust rubella-specific inflammatory cytokine response characterized by high levels of secreted IL-6, GM-CSF, and TNFa. We also detected low levels of Th1 cytokines IL-2 and IFNc, while Th2 cytokines, IL-12p40 and Elispot responses were hardly detectable [17] . The median antibody level for the high antibody group of subjects was 138 IU/mL (IQR 121, 217) and the median antibody level for the low antibody group was 10 IU/mL (IQR 8, 11) . Statistical analysis also demonstrated that the high antibody group secreted more rubella-specific IL-6 compared to the low antibody group (p = 0.002), while the differences among all other immune measures were not significant (Table 1) .
Overall gene expression in response to rubella virus stimulation (all stimulated vs. all unstimulated samples)
Sequencing failed for one high responder subject, and data failed QC for a second high responder subject, resulting in a final sample size of 10 high and 13 low responders to vaccination. 17,566 unique genes were detected with at least one count per gene per sample, and the total counts (total reads) per lane/sample ranged from 3.7 million to 10.7 million [21] . We evaluated overall host gene transcriptional changes after live rubella virus stimulation. More than 11,000 genes (11,167) had a p-value,0.05 and false discovery rate/FDR,0.07 for the test of upregulation or downregulation upon antigenic stimulation. Using a significance criterion more appropriate for a high dimensional study in order to limit the risk of false positives, we observed 1,080 differentially expressed genes with p,1.00E 215 (FDR,1.00E 214 , Table S1 ). Table 2 IL1B, CXCL6, CCL18, CCL23, SERPINE1, TREM1, GPR120, FN1, SLC39A8, NRP1, PROCR, SERPINA1, OLR1, ENPP2, SIGLEC11, TNFRSF12A, VSIG4, CLEC1A), as well as other genes involved in cell signaling, cell regulation and transcription, and genes with unknown function (Table 2) . Interestingly, most of these genes also displayed differences in up/downregulation between high and low antibody responders (Table 2 ).
Response to viral stimulation in high vs. low antibody responders to rubella vaccination (interaction analysis)
We assessed and compared gene expression changes in response to in vitro viral stimulation in subjects representing the immune extremes of humoral immune responses following rubella vaccination. We identified 27 genes (p#0.0006 and FDR#0.30) that responded differently to viral stimulation in high vs. low antibody responders to rubella vaccine (Table 3 ). These genes included major histocompatibility complex (MHC) class I molecules (HLA-A and HLA-B with p = 0.0001 and p = 0.0005, respectively) and beta-2-microglobulin (B2M, p = 0.0002), other genes with unknown function and/or relation to immunity, and two genes related to innate immunity and inflammation (EMR3 [EGF-like module-containing mucin-like hormone receptor-like 3 gene] and MEFV [Mediterranean fever gene] with p = 1.46E
208 and p = 0.0004 respectively, Table 3 , Fig. 1A and 1B) .
Pathway analysis
We used both IngenuityH software (http://www.ingenuity.com/) from IngenuityH Systems (Redwood City, CA), and Metacore TM software (http://www.genego.com/metacore.php) from GeneGo, Inc.(St. Joseph, MI), which apply a competitive test that explores known canonical pathway maps to identify significant pathways with FDR,0.05, affected by the differentially expressed genes (in our data set), and found similar results. To explore overall changes after viral stimulation, we used the most significant 1,080 genes (p,1.00E
215
, Table S1 ) as target genes. For the pathway analysis comparing response to viral stimulation between high vs. low antibody responders, we used the top 647 genes with p-value ,0.05 (Table S2 ) as target genes. Table 4 lists the most significant overlapping pathways enriched after rubella virus stimulation with p-values using IngenuityH. Two important immune pathways (''Antigen presentation pathway,'' p = 1.21E
204 and ''Complement system pathway,'' including classical, alternative and lectin-induced complement cascades, p = 4.67E
204
) were found to be enriched when comparing high vs. low antibody responders to rubella vaccination (Table 4 ).
Gene set analysis
In addition to conventional pathway analysis, we also performed gene set tests using gene set modules reported by Chaussabel et al. [32, 33] . We applied a self-contained test by testing the hypothesis that a particular gene set as a whole is associated with immune response. Our analysis found two gene set modules that were marginally associated with a differential response to viral stimulation in high vs. low antibody responders (M4.2 and M8.101 with p-value of 0.07 and 0.08, respectively), and these gene sets also demonstrated a significant p-value in the overall analysis for response to viral stimulation (0.001 and 0.0007 for M4.2 and M8.101, respectively). Most of the genes comprising these two gene sets (Table 5 ) have diverse or unknown functions, although three genes were related to immune function (TLR5, CR1 and IL4I1) and the M4.2 gene set is associated with inflammatory response [32, 33] . Functional relationships between the M4.2 genes are shown in Fig. 2 using the Global Immune Network/ImmuNet tool (http://tsb.mssm.edu/primeportal/?q = immuneNET).
Evaluation of viral gene expression in high vs. low responder
In addition to host gene expression, mRNA-Seq technology allows simultaneous quantification of viral gene expression capacity in the cells of high and low antibody responders to rubella vaccination. As shown in Fig. 3A , the number of mRNASeq rubella virus-specific sequences was higher in the high antibody responders (mean 22,856 reads, 0.18% of all reads) compared to the low antibody responders (mean 18,263 reads, 0.14% of all reads), although this observed difference did not reach statistical significance (p = 0.08). Of the detected rubella virusspecific sequences, approximately 69% mapped to the E1 surface glycoprotein, 15% mapped to E2, 7% mapped to the capsid protein C and only 9% mapped to the rest of the genome (the nonstructural gene ORF) with no observed differences between high and low antibody responders (Fig. 3B ).
Discussion
The generation and maintenance of protective immunity to microorganisms, including natural infection and vaccine-induced immunity, is a complex process that entails transcriptional changes occurring in multiple interrelated genes, pathways and networks. Immune responses to vaccines are known to depend on demographic and clinical variables including age, gender, race, ethnicity and host genetic factors. We have previously determined that the heritability of rubella vaccine-induced antibody is high, reaching approximately 50% [6] , and that the Human Leukocyte Antigen (HLA) loci explains only 19% of the overall genetic variation in rubella vaccine humoral immunity [12] . We have also demonstrated that immune responses to rubella vaccination are the result of multigenic influences and not a single dominant gene/ allele model with the contribution of multiple immune genes important to the observed immune phenotype [11, 12, 14, 16, 18, [36] [37] [38] . In this study, we comprehensively assessed mRNA-Seq host transcriptome alterations in response to rubella virus and viral gene expression capacity in high and low rubella antibody vaccine responders and identified genes that were associated with antibody phenotypes at the extremes of the biological response.
Our overall analysis across all study subjects reveals novel and known immune genes with significant differential regulation after rubella virus stimulation (absolute FC above 4, Table 2 ). Our findings point to the transcriptional activation of genes involved mainly in innate and inflammatory immune responses and adaptive immune response priming. Only a few microarray studies have systematically examined rubella virus-induced host gene expression changes using human fetal and/or adult fibroblasts and human endothelial cells stimulated with different rubella virus strains, and they report differential expression of genes related to innate/inflammatory and immune response such as interferon (IFN) and IFN-stimulated genes with antiviral and immunoregulatory activities, HLA genes, cytokines, chemokines and genes associated with apoptosis [39, 40] . Several interesting immunity-related genes from our transcriptomics data in human peripheral blood mononuclear cells (NRP1, SLC39A8, ARMC9, CXCL6) were found to be differentially expressed in the same direction (all upregulated with the exception of ARMC9), as in the study by Adamo et al. in human fibroblasts [39] . Neuropilin-1 (NRP1) encodes a protein supporting angiogenesis, cell migration, cell survival and cell attraction. This protein is also reported to mediate the contact between dendritic cells and T cells to instigate primary immune responses [41] , while solute carrier family 39 member 8 (SLC39A8) encodes a zinc transporter found in the plasma membrane, mitochondria and lysosome, that imports zinc during inflammation and was recently shown to influence the expression of IFNc in activated T cells [42] . Chemokine (C-X-C motif) ligand 6 (CXCL6, upregulated more than 11-fold in our data set, Table 2 ), is a pro-inflammatory chemotactic protein for neutrophils with established innate immune defense and antibacterial activities [43] , whereas the function of the armadillo repeat containing 9 (ARMC9) gene is still unknown. The discovery of these differentially expressed genes, with a plausible relation to host response and adaptive immunity in two independent rubella gene expression studies, points to the high likelihood that they may indeed account for rubella virus-induced immune activation, including transcriptional activation induced by live rubella virus vaccine.
To elucidate the genetic basis for the observed heterogeneity in immune responses, our mRNA-Seq analysis compared transcriptional patterns observed in high and low antibody responders to rubella vaccination, identifying 27 genes with significantly different expression between the studied immune phenotypic extremes (high and low/non-protective antibody response). The identified class I major histocompatibility complex genes (HLA-A and HLA-B; pvalue = 0.0001 and p-value = 0.0005,respectively, Table 3 ), and the beta-2-microglobulin gene (B2M, p-value = 0.0002) are historically known for their role in cell-mediated and antiviral immunity by presenting peptides derived from the endoplasmic reticulum to cytotoxic T cells (CTLs), but their relation to humoral immunity is unclear. We have previously demonstrated and replicated independent HLA class I associations, particularly B*2705 (p-value,0.001), class I B (B27) supertype associations (p = 0.008), as well as extended HLA class I-class II A-C-B-LTA-TNF-LST1-DRB1-DQA1-DQB1-DPA1-DPB1 haplotype (A*02-C*03-B*15-AAAACGGGGC-DRB1*04-DQA1*03-DQB1*03-DPA1*01-DPB1*04, p = 0.002) associations with rubella vaccine-induced antibody responses [12, 44, 45] , which clearly shows that polymorphisms in the MHC class I locus influence humoral immunity, although the molecular mechanisms have yet to be delineated. Our current findings, using mRNA-Seq global gene expression of immune extreme phenotypes, further strengthen the evidence for the effect of MHC class I genes in the observed rubella vaccine-induced immune response variations.
The top gene differentially expressed in high versus low antibody responders in our study, EMR3 (p = 1.46E
208 , FDR = 0.0002, Table 3 ), is an epidermal growth factor-seven transmembrane receptor family (EGF-TM7) member, expressed predominantly on granulocytes, monocytes and macrophages. This gene was significantly downregulated (FC = 0.41, Fig. 1A ) in high antibody vaccine responders and significantly upregulated (FC = 2.29, Fig. 1A ) in low antibody vaccine responders, and may be a factor involved in cell migration, ''cross-talk'' between myeloid cells, and modulation of inflammatory and immune responses [46, 47] . Another intriguing finding is the identification of the gene MEFV responsible for the most common inheritable fever syndrome, familial Mediterranean fever (characterized by recurrent fever and inflammation). The MEFV gene on chromosome 16p13, was associated with differential gene expression between high and low antibody responders in our study (p = 0.0004, FDR = 0.27; gene expression upregulated in high responders, FC = 1.34, and downregulated in low responders, FC = 0.49; Table 3 , Fig. 1B) . The encoded protein, pyrin, is a central immune modulator of innate and inflammatory response by regulation of inflammasome activation and/or direct activation of inflammatory pathways [48] , and therefore is a highly plausible genetic regulator of inflammatory response induced by live rubella vaccine with an impact on subsequent vaccine-induced adaptive immunity.
As the immune response is a multifaceted, dynamic entity and is not dominated by single gene effects, we assessed and identified canonical pathways and gene sets associated with rubella virus stimulation in vaccinees, and particularly functionally different pathways and gene sets (inferred from the differences in gene expression) in high compared to low antibody responders. Two classical canonical pathways that played definitive roles in initiation/regulation of adaptive immune response and in innate antigen-nonspecific defense, the antigen presentation pathway (p = 1.21E 204 , Table 4 ) and the complement system pathway (p = 4.67E 204 , Table 4 ), had a FDR,0.05 and were considered to be enriched pathways that discriminated between immune extreme antibody phenotypes in our study. Additional insights into the functional relationships between genes and gene expression networks were gained using an innovative gene set analysis approach, assessing 260 gene sets (G2 modules) [32, 33] . This analysis, which better reflects the functional relationship networks between genes and the underlying biology, identified two rubella vaccine response-specific transcriptional gene sets (M4.2 and M8.101, Table 5 ) that were significantly associated with immune response to rubella virus stimulation and were marginally associated with gene expression differences between the examined immune extreme antibody phenotypes. Most of the individual genes comprising these gene sets have unknown function or function unrelated to antiviral immune response. The toll-like receptor (TLR) family member 5 (TLR5, in M4.2) is an important innate pathogen recognition receptor that is involved in the recognition of bacterial flagellin, and is also reported to trigger reactivation of latent HIV-1 infection and activate virus gene expression in T cells [49] . Human IL4I1 (in M8.101) has been reported as a new immunomodulatory enzyme expressed by dendritic cells that is able to inhibit T cell proliferation and thus may directly influence the immune response [50] .While the annotation of M8.101 is still unknown, the M4.2 transcriptional pattern has been annotated as an inflammation-related gene set based on its GeneGo, GoStat, and IPA analyses and is linked to ''inflammation, cell movement of leukocytes, phagocytes, and granulocytes (IPA) and innate immune response (GoStat)'' [32, 33] .
Our assessment of host transcriptional changes through blood transciptomics revealed that inflammatory genes and genes related to an early phase of immune response (antigen presentation) are important in typifying and characterizing high and low antibody response to rubella vaccination. Inflammation is the first line of host defense in response to infection, and is characterized by local physiological changes and the release of cytokines/chemokines and other mediators that promote cell interactions, chemotaxis and recruitment of immune cells for priming and orchestration of adaptive immunity [51] . A population-based profiling of cytokine responses in rubella vaccine recipients demonstrated a robust virus-specific inflammatory response rather than Th1/Th2 cytokine patterns 5.7 years after the last (second) immunization, suggesting that longstanding antiviral responses and immune variations may be regulated by inflammatory cytokines [17] .
The strengths of our study involve the use of cutting-edge genome-wide technology for simultaneous transcriptional profiling of host and viral gene expression [52] and the application of innovative and appropriate statistical modeling/analysis methodology to assess clinically relevant vaccine-induced immune response phenotypes. As reported in our previous study [53] and acknowledged by others, Next Generation Sequencing is an avantgarde technology with high sensitivity and reproducibility for transcriptional profiling and excellent correlation of differential gene expression with real-time quantitative PCR. However, further replication studies and biological/functional validation of identified gene targets are warranted to confirm our findings and are in progress. There might be a concern that some of the observed estimates of the fold change were relatively small (although consistent between samples) and the thresholds for significance were not stringent enough. Reviews from the current statistical literature consider FDR rates of 10-20% as acceptable for differential expression [54] . In our study we have tried to be more inclusive, rather than miss biologically important information, and have used FDR of up to 30% (in the differential expression analysis comparing high vs. low antibody responders). Our findings are in concert with what is seen when evaluating PBMCs, which contain a variety of cell types and the observed responses may represent a large response in one cell type and no response in another. In addition, small FC in gene expression of key regulatory genes (such as transcription factors) may have disproportionally large functional downstream effects. Finally, biological processes are rarely driven by single genes, but rather by a collection of genes, pathways and gene networks, where small differences in multiple genes may cumulatively have a larger or magnified effect.
In summary, our analysis is the first global mRNA-Seq gene expression profiling after rubella vaccination that presents evidence for unique quantitative transcriptional differences between high and low antibody responders to rubella vaccination. These transcriptional differences and the underlying mechanisms are crucial to understanding the basis of vaccine immune responses, and for development of novel and improved vaccines. 
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